We study synthetic fluorescent speckles in bacteria by encoding two types of synthetic long-non-1 4 coding RNA genes (slncRNA) that incorporate RNA-binding phage-coat-protein (RBP) binding sites 1 5 downstream from a pT7 promoter in BL21 E. coli cells. For both slncRNAs studied, fluorescent 1 6 speckles containing ~15-30 RBP-bound slncRNA molecules form in cell poles. Measurement of 1 7 speckle fluorescence reveals both positive and negative bursts spaced by exponentially distributed
In order to study synthetic speckle formation with slncRNA-RBP complexes, we first 1 0 0 designed a short mRNA binding-site cassette, consisting of four native PP7, and five native Qβ 1 0 1 binding sites in an interlaced manner (Figure 1a ). The cassette was cloned downstream to a pT7 1 0 2 promoter on a BAC (Addgene plasmid # 13422), and transformed, together with a plasmid encoding 1 0 3 for Qβ-mCherry from a pRhlR inducible promoter, to BL21 E. coli cells. Single cells expressing the 1 0 4
Qβ-5x-PP7-4x together with Qβ-mCherry (data gathered from these cells is denoted as Qβ-5x data) point moving average and subsequentially normalized by subtracting the background of the cellular 1 1 0 environment surrounding the speckle (which was smoothed in similar manner). In Figure 1c we plot 1 1 1 several processed traces obtained from multiple speckles tracked in different fields of view on 1 1 2 separate days. The signals are either decreasing or increasing in overall intensity, and occasionally 1 1 3 signals that initially show an increase and subsequent decrease are observed 1 1 4
To determine whether the "sharp" increases or decreases in intensity correspond to a distinct 1 1 5 signal, and are not part of the underlying noise, we employed a scheme, whereby statistically 1 1 6 significant changes in intensity are identified as burst events (see Figure S2 and Methods for analysis 1 1 7 details and definitions). In brief, we assume the total fluorescence is comprised of three distinct signal 1 1 8 processes: total transcript fluorescence, background fluorescence and noise. We further assume that 1 1 9 background fluorescence is slowly changing, as compared with total transcript fluorescence which 1 2 0 depends on the dynamic and frequent processes of transcription and degradation. Finally, we consider 1 2 1 noise to be a symmetric, memory-less process. We define a "burst" as a change or shift in the level of 1 2 2 signal intensity leading to either a higher or lower new sustainable signal intensity level. To identify 1 2 3 such shifts in the baseline intensity we search for continuous segments of gradual increase or decrease 1 2 4 whose probability of occurrence, under our assumption of random symmetric noise, is 1 in 1000. From this probability we set a threshold for the minimum length of a gradual shift, where events 1 2 6 lasting longer than this threshold are classified as burst events. Segments within the signal that are not 1 2 7 classified as either a negative or positive burst event are considered unclassified. Unclassified 1 2 8 segments are typically signal elements whose noise profile does not allow us to make a classification into one or the other event-type. Such segments can consist of multiple event types, for example: 1 3 0 bursts that do not pass the false positive threshold that we set, or events where no transcriptional or 1 3 1 degradation processes are recorded. In Figure 1c -right we mark the classifications on three separate 1 3 2 speckle traces with positive "burst", negative "burst", and non-classified events in green, red, and blue 1 3 3 respectively. We confine our segment analysis between the first and last significant segments 1 3 4 identified in a given signal, since we cannot correctly classify signal sections that extend beyond the 1 3 5 observed trace. These unprocessed segments (before the first significant event, and after the last) are 1 3 6 marked in a dashed black line. Next, using this classification criteria for bursts, we annotated the three features of our signal 1 3 8 (increasing bursts, decreasing bursts, and non-classified events) for ~1500 speckle traces. In Figure   1 3 9
1d-e we plot the amplitude (ΔI) distribution and rate of intensity change (ΔI/ Δ t) for all three event identification-see Fig. S2 ), Finally, to check that our analysis is independent of our choice of image 1 4 4 background and segmentation results, we repeated the analysis on all experimental traces using the 1 4 5 same definition for a "burst", but with an alternative definition for cell background noise (see Figure   1 4 6 S3 and SI for details). The results of this alternative analysis confirm that the distributions shown in Figure 2 : Poisson distribution fitting of empirical amplitude data. a-d. Experimental data is presented by a scatter plot, overlaid by theoretical Poisson probability distribution functions (PDFs) with parameter values 1-3, presented in red, green, and black lines, respectively. Theoretical fits normalized to correct x-axis by the factor K 0 a. Qβ-5x positive amplitudes. b. Qβ-5x negative amplitudes. c. PP7-24x positive amplitudes. d. PP7-24x negative amplitudes. e-f. Average number of binding sites cassettes per signal, evaluated by dividing the average signal intensity by the value of K 0 calculated from the Poisson PDF with λ =1 fit. e. Qβ-5x data. f. PP7-24x data. fitted the distributions with a modified Poisson function of the form:
where I is the experimental fluorescence amplitude, λ is the Poisson parameter (rate), and K 0 is a 1 7 8
fitting parameter whose value corresponds to the amplitude associated with a single RBP-bound 1 7 9
slncRNA molecule within the burst. For each rate we chose the fit to K 0 that minimizes the deviation due to our analysis threshold that treats many of these small amplitude events as unclassified. Since Gaussian curve in higher rates), we conclude that both the transcriptional and degradation speckle under our experimental conditions. Finally, given the match with the lower rate Poisson 1 9 0 distributions, it seems likely that the number of cassettes involved in both the positive and negative 1 9 1 bursts varies between 1 and 3 molecules per burst. To provide additional confirmation that we are able to detect a signal from a single slncRNA 1 9 3 molecule, we repeated the experiment with a strain expressing PP7-mCherry with a 24x PP7 binding distributions as to the one observed for Qβ-5x. The distributions appear to be well described by result is consistent with past observations, which have shown that these cassettes are only occupied by indicate that in the PP7-24x case, we are also observing 1-3 mRNAs per burst, and that the nature of In all three panels red, blue, and green bars correspond to strongly decreasing, non-classified, and strongly increasing events, respectively. Given the close match of the intermittent signal simulation to the experimental data, this result indicates that in our experimental data, no more than ~10% of the called "events" are false positives.
We simulated a flat, constant signal with noise ( Figure 3a -top), a gradually ascending signal 2 1 8 with noise ( Figure 3b -top), and a three-state random telegraph signal with noise ( Figure 3c -top). 2 1 9
We then applied our burst-detection algorithm described above and found that for the flat signal 2 2 0 ( Figure 3d ) positive and negative bursts (green and red respectively) and non-classified events are 2 2 1 detected. However, a closer examination of the results reveals that the burst amplitude width is 2 2 2 smaller by a factor of ~3 as compared with the experimental data bursts, and the total number of 2 2 3 events observed is significantly smaller than the experimental data (i.e. 371 positive, 439 negative, 2 2 4 1 0 and 274 non-classified segments found), indicating less than one event per signal, as expected from 2 2 5 our base assumption that a rare noise event occurs once in a thousand time points. For the gradually 2 2 6 increasing signal with additional noise, (Figure 3e ) a negligible number of burst-like events was image of amplitude distribution (data not shown). Finally, a signal designed to mimic our interpretation of the experimental data containing non-classified segments were found, which is approximately an order of magnitude larger than the 2 3 8 number of events observed for the constant signal, and is similar to the density of events observed 2 3 9
experimentally. arising from the statistical analysis process wherein any event shorter than the temporal threshold (see 2 4 6 SI) will be missed. In contrast to these narrow duration distributions, non-classified state durations cassette shows a slight preference for slow signal degradation trends (sample skewness of -0.55), that 2 5 0 may be consistent with increased mRNA stability that has been previously attributed to these cassettes 2 5 1 (Fusco et al., 2003) or to the underlying structural characteristic of the speckle which differ from the 2 5 2
Qβ-5x-PP7-4x example. Specifically, the binding sites cassette either slows down, or entirely halts the 2 5 3 signal degradation process, resulting in negative amplitudes that do not meet our statistical criteria, 2 5 4 but instead appears in the non-classified distribution. Finally, we checked if the bursts occurred at 2 5 5 random or whether there was some bias in the order of the bursts. To do so we examined whether 2 5 6 after a non-classified period that lasted more than 2.5 minutes there was a bias for one type of burst or 2 5 7 the other. The results are depicted in Figure S4 and show that no such bias seems to exist, i.e. either a 2 5 8 positive or negative burst seems to occur after non-classified events with equal probability. This observation is consistent with the fact that we measured fluorescence from bright speckles, which 2 6 0 appear after accumulation of multiple binding-sites cassettes, meaning the transcript levels in the cell 2 6
1 are at a steady state. Amplitude distribution of non-classified segments. The PP7-24x data is skewed toward negative values (sample skewness of -0.55 for PP7-24x, and 0.83 for Qβ-5x data). For all cases, Qβ-5x-PP7-4x, and PP7-24x cassettes are presented in cyan and magenta, respectively. e-g. Temporal statistics for the simulated signals for the (e) constant, (f) gradually increasing, (g) and bursty signals respectively.
In order to provide context to the information generated by the duration data, we studied the 2 6 4 duration of events in our simulated signals. Interestingly, both positive and negative durations for the 2 6 5 burst events in each signal bear a striking resemblance to the experimental data (Figure 4g -top). This 2 6 6 result is consistent with an interpretation that burst duration measurements are limited by the 2 6 7 resolution of the experiment (1 frame every 10 seconds) and choice of smoothing algorithm (ten 2 6 8 experimental frames or simulated time points -See SI). Together, these constraints result in a lower 2 6 9
bound of 150 seconds, or 15 frames on the temporal resolution, in which a burst can be detected. Any distributions, the random telegraph signal generated an exponentially distributed duration distribution. This is consistent with the experimental observations and provides further evidence that the 2 7 7
underlying signal in our experimental data is a multi-state random telegraph noise. The existence of negative bursts that appear to be independent of labelling cassette implies The transition parameters into and out of the degradation burst state were set such that the distribution 3 0 2 of number of mRNA molecules would be similar between the two models, meaning that there should Table S1 ).
3 0 5
To confirm that a three-state RTN model is better suited for describing our experimental data, 3 0 6 we used two different methods to compare its performance to that of the two-state model. As a first 3 0 7 test, we analyzed the simulated sequences in the same manner used for the experimental data, to 3 0 8 generate the amplitude histograms in Figure 5c -d (3 state and 2-state respectively). The most notable 3 0 9 difference between the two models lies in the distribution of negative amplitudes. While the two-state 3 1 0 model produces a Gaussian distribution centered at -1, representing constant degradation, the three-3 1 1 state simulation generates a more flattened, spread-out distribution, similar to the one appearing in the 3 1 2 experimental data in Figure 1d . The second test is rooted in telegraph processes theory, which provided the basis for the 3 1 6
historic two-state model (Larson et al., 2009; Lionnet and Singer, 2012) . A common analysis of 3 1 7 signals generated from such processes is based on the power spectral density (PSD), which is 3 1 8
proportional to the square of the Fourier transform of the signal (Miller and Childers, 2012) . To 3 1 9
generate a suitable signal from our data, we concatenated the slopes of all identified segments from all 3 2 0 signals (under an assumption of memoryless noise), generating a signal resembling a telegraph 3 2 1 process ( Figure S6 ). We calculated the PSD from both simulations and experimental data as shown in providing further evidence that the three-state model provides a better description for the experimental 3 2 5
data.
3 2 6
Finally, we characterized the three-state-model in terms of the Fano factor, which is defined
as the variance divided by the mean of a stochastic distribution, a value typically used to quantify yielding an mRNA copy number distribution. The Fano factor was calculated separately for each of calculated from 500 iterations of the two-state model simulation. As can be seen, the average values 3 4 0 (i.e. not normalized) are consistently greater than one, while still being smaller than the two-state 3 4 1
Fano factor. The three-state model thus leads to a narrower mRNA copy number distribution in In the present study, we used the pT7 promoter in bacteria to express synthetic lncRNA 3 4 7
(slncRNA) molecules that incorporated several RBP binding sites, which together with their cognate study, the RNA component was an mRNA gene that was labelled at its 5'UTR by a ~5 kbp cassette of 3 5 6 96 binding sites for the phage coat protein for MS2 (MCP), which in turn self-assembled into speckles 3 5 7
that only exhibited bursts of increasing fluorescence intensity that were attributed to bursts of slncRNA molecules from the speckle. It is therefore reasonable to conclude that negative bursts may 3 6 4
correspond to bursts of degradation. Unlike transcriptional bursts, which have been attributed to kinetic and structural nucleoid- non-classified set of events for the 24x lncRNA as compared with its 5x shorter counterpart (Fig. 4d ), 3 7 7 the latter scenario offers a more compelling explanation. Namely, synthetic speckles that are 3 7 8
composed of longer slncRNA molecules are likely to be more entangled leading to occasionally a 3 7 9 slower or more gradual release of the molecules from the biomolecular complex as compared with 3 8 0 their shorter counter parts. An increased entanglement due to length is also consistent with the wider 3 8 1 distribution for the estimated "number of slncRNAs" within speckles observed for the 24x as 3 8 2 compared with the shorter example ( Fig. 2e-f ), and the lack of negative bursts observed for the 96x mRNA distribution resulting from bursty gene expression process, in order to take the effects of provides an evolutionary impetus for having bursts of degradation as a mechanism for mitigating the 3 9 3
cell-to-cell variability of the number of RNA molecules. Consequently, this prediction may be 3 9 4
relevant to not only this synthetic context, but to natural systems as well. This, therefore, become 3 9 5
particularly pertinent in lieu of many recent observations in Eukaryotes, which suggests that intra- (e.g. paraspeckles (Clemson et al., 2009; Fox et al., 2018; Staněk and Fox, 2017) , nuclear speckles 3 9 8
(Spector and Lamond, 2011), etc.) may be a common and generic cellular phenomenon that affects 3 9 9
the regulation of gene expression. Thus, bursting may not just be a process that characterizes Finally, we believe that the ability to reach the negative burst finding is due in large part to that our cassette is likely to be fully occupied by RBPs, as compared with <50% occupancy for the 4 0 7
PP7-24x, as has been previously reported (Fusco et al., 2003) . Therefore, continued exploration of intracellular compartments in all cell-types. Given the increased importance that these compartments 4 1 1 are now thought to have in many biological processes, constructing and studying such objects Programme under grant agreement no. 664918 -MRG-Grammar. The authors declare that there is no conflict of interest regarding the publication of this article Correspondence and requests for materials should be addressed to roeeamit@technion.ac.il. Supplementary Information 5 1 0 Construction of the pBAC-5xQβ-4xPP7 binding sites array 5 2 3
Materials and Methods
The T7 promoter followed by the binding sites sequence: HindIII restriction sites. were digested using the above restriction sites and ligated to form pBAC-5xQβ-4PP7-lacZ. concentration 60μM) to induce expression of T7 RNA polymerase and the RBP-FP respectively.
4 0
Culture was shaken for 3 hours in 37 before being applied to a gel slide (3μl Dulbecco's Phosphate- CooLED (Andover, UK) PE excitation system. Subsequently, the brightest spots (top 10%) in the 5 5 0 field of view were tracked using the algorithm developed by Sbalazarini and Koumoutsakos 
7 2
We define a burst as a sudden change or shift in the level of the speckle's fluorescence 5 7
3 intensity leading to either a sustainable higher or lower new signal level (Fig. S2A-top) . To identify 5 7 4 such shifts in the base-line fluorescence intensity, we use a moving-average window of ten points to 5 7 5 smooth the data. The effect of such an operation is to bias the fluctuations of the smoothed noisy 5 7 6 signal in the immediate vicinity of the bursts towards either a gradual increase or decrease in the 5 7 7 signal ( Figure S2a-bottom) . Random fluctuations, which do not settle on a new baseline level are not 5 7 8 expected to generate a gradual and continuous increase over multiple time-points in a smoothed 5 7 9 signal. As a result, we search for contiguous segments of gradual increase or decrease, and record 5 8 0 only those whose probability for occurrence are 1 in 1000 or less given a Null hypothesis of randomly 5 8 1 Figure S3 : Background selection controls. a. Sample sub-frames extracted from an experiment showing 10-and 20-pixel wide sub frames. b. Intensity plots of a single spot calculated with a 10and 20-pixel wide sub frames. c. Increment amplitude distribution of the PP7-24x calculated with a 10-and 20-pixel wide sub frames. d. Quiescent segments durations of the PP7-24x. e-f. Poisson fits for positive amplitudes (e), and negative amplitudes (f), following the same fitting procedure as described in the main text.
Three state model sequential order 6 4 7
We tested whether burst events had a "memory" bias, thus generating a preference for a particular 6 4 8 burst-type following another particular event. We check both next events ( Fig S4a-c) , and events 6 4 9 following a quiescent event ( Fig. S4d-f ). In the case of negative and positive bursts (Fig. S4a,c) , a 6 5 0 clear preference for a quiescent event is observed in the data, while no memory is observed for burst 6 5 1 events following a quiescent event (Fig. S4b ,e-f). Finally, for simplicity we set ߛ ௐ ൌ 0
, as we believe this value to be insignificant compared to ߛ 6 9 7
The matrices then take the following form: We note that we cannot differentiate between all four possible states experimentally, as two of these 7 0 0 result in similar mRNA behavior. Depending on parameter choices, the indistinguishable pair could 7 0 1 be states 1 and 2 (assuming the effect of transcription is stronger regardless of degradation state), or 7 0 2 states 1 and 4 (assuming the effect of transcription to be similar to that of degradation). Monte Carlo simulations of the two-state and four-state models were generated with the following 7 0 5 parameters: 
